Airborne laser scanning (also known as light detection and ranging or [WAR) data were used to estimate three fundamental forest stand condition classes (forest stand size, land cover type, and canopy closure) at 32 Forest Inventory Analysis (FIA) plots distributed over the Kenai Peninsula of Alaska. Individual tree crown segment attributes (height, area, and species type) were derived from the three-dimensional [IDAR point cloud, LIDAR-based canopy height models, and LIDAR return intensity information. The LIDAR-based crown segment and canopy cover information was then used to estimate condition classes at each 10-m grid cell on a 300 x 300-rn area surrounding each HA plot. A quantitative comparison of the [IDAR-and field-based condition classifications at the subplot centers indicates that LIDAR has potential as a useful sampling tool in an operational forest inventory program.
T he Forest Inventory and Analysis (HA) program of the US Forest Service is charged with performing a continuous Forest inventory and monitoring program over all forested lands of the United States (Bechtold and Patterson 2005) . Along with the individual tree measurements acquired at the plots (dhh, tree height, species, condition, disease, and so on), the plots are classified into domains to enable analysis of the data b y forest type or condition class. Determination of condition class is an important component of the inventory, because it provides a means of aggregating the plot measurements into homogeneous strata (domains), which in turn allows for more meaningful compilation and presentation of inventory results (e.g., volume per hectare b y forest type. and so on). Furthermore, if condition classes could he reliably estimated on a larger number of plots using remote sensing, the precision of inventory estimates could he increased considerably through a double sampling for stratification sampling design (Schreudcr et al. 1993) . Lidar has been used in a double-sampling forest inventory design in Idaho (Parker and Evans 2004) and in a stratified doublesampling design in the sotitheastern United States (Parker and Evans 2007) . A number of previous methods have been developed to map forest attributes using a combination of plot data, environmental variables, and spectral information from satellite imagery (Ohmann and Gregory 2002, McRoberts et al. 2007 ), but these techniques are typically only applicable over broad landscape scales and are not likely to capture small-scale spatial variability in forest condition classes.
With the recent emergence of high-resolution active remote sensing technologies, including airborne laser scanning (light detection and ranging [LIDAR] ), there is potential for improving both the accuracy of condition class mapping and the precision of inventory Received May 14. 2008 : accepted September 15, 2008 pilscti2i' estimates over large areas (Reutebuch ct al. 2005 ). Numerous previous studies have shown that I,IDAR can collect highly detailed measurements of three-dimensional forest structure at a plot (Means et al. 2000 , Naesset 2002 , Andersen et al. 2005 , 2006a and individual tree level (Hyyppa et al. 2001 , Persson et al. 2002 , Popuscu and Wynne 2004 , Yu et al. 2004 ). In addition, LIDAR can provide basic information on species class (Holnigren and Persson 2004). I,IDAR therefore represents an intermediate source of detailed inventory information that could be collected continuously over a larger area, along strips, or over sample areas surrounding the field plots that could be used to characterize condition class attributes and leverage the detailed information collected in the field. In this article, we present an approach to automated determination of condition class (canopy closure, land cover type [I,CT] ,and forest stand size [FSSI) boundaries using high-density LIDAR data on the Kenai Peninsula of Alaska and provide a comparison of plot-based and LIDAR-based characterizations of condition classes. 73 meter2 meter fixed radius plot tree seedling/sapling plot ment environment (ITT Visual Information Systems, Boulder, CO) to generate canopy and terrain surface models. A 1 -m canopy height model was developed at each LIDAR area by subtracting the terrain model from the canopy surface model ( Figure 3 ). Although LIDAR was collected over a total of 119 FIA plots, in this study the analysis was limited to the 123 subplots (at 32 FIA plot clusters) with highly accurate coordinates (less than 1-rn error) obtained with survey-grade GPS.
Azimuth 1-2 360°4 Azimuth 1-3 120°A zimuth 1-4 240°F igure 1. Forest inventory analysis plot layout
Data

FIA Plot Data
The field data used in this study were 32 permanent plots established by the FIA program of the US Forest Service Pacific Northwest Research Station from 1999 to 2003. The field data collected on the plots and used in this study consisted of individual tree measurements and estimated condition classification at a cluster of four subplots at each location (see Figures 1 and 2; US Forest Service 2003) . Accurate coordinates (less than 1-rn error) for each subplot center were obtained using dual-frequency, differentially corrected survey-grade global positioning systems (GPS (Javad Navigation Systems, San Jose, Ca)). The dbh, height, species, crown radius, crown class, distance, and azimuth to subplot center were recorded for every tree greater than 12.5 cm in diameter on the '/60-ha subplots. An ocular estimate of canopy closure-termedjirest density in the inventory-was obtained at each subplot center, where canopy closure was recorded as a coded value of projected canopy cover (canopy closure class 0: 0-10% cover; class 1, 10-20% cover; class 9, 90-100% cover; US Forest Service 2003). The LCTs, or forest type, for each subplot were calculated based on the percent stocking values by species and are shown in Table 1 (Dobelbower 2003) . The forest type definitions used in the calculations were designed to approximate the clustering of species observed in a previous analysis (van Hees et al. 2001) . Determination of FSS class at each subplot was calculated based on the percent stocking contributed by live trees within the subplot (Dobelbower 2003) . ESS classes are shown in Table 2 .
LIDAR Data
High-density LIDAR data were acquired over a total of 119 plots on the Kenai Peninsula in early and late May 2004, using an ALTM 3070 airborne laser scanning system (Optech Inc., Vaughn, ON, Canada) mounted on a twin-engine Cessna 320 aircraft. Delivered data included GPS time; X, Y, Z of the returns; return number; and intensity (reflectance) information. LIDAR acquisition parameters are shown in Table 3 .
LIDAR data were provided for a nominal 300 X 300-rn area centered on each plot (Figure 2 ). Filtering and gridding algorithms were implemented within the Interactive Data Language develop-
Methods
LIDAR Data Development
Previous studies have shown the capability of applying individual tree crown recognition algorithms to high-density LIDAR-derived canopy height models. The most common approach is based on some version of the morphological watershed segmentation of the inverted canopy height model, which results in segmentation of the inverted canopy surface into individual "catchment basins" associated with individual tree crowns (Ziegler et al. 2000 , Hyyppa et al. 2001 , Schardt et al. 2002 . This approach can provide very good results, especially in conifer stands where crowns are relatively well defined (Persson etal. 2002 , Rowell et al. 2006 ). Crown delineation is usually less successful in closed deciduous stands where individual tree crowns are intermingling and lack a clearly recognizable form (Wack et al. 2003) . However, segmentation can still provide a means of isolating and measuring the dominant structures (individual trees or clumps) composing a pure deciduous or mixed stand (Bortolot 2006) .
In this study, we applied a watershed segmentation algorithm to the canopy height model over each plot. The result of the segmentation algorithm and subsequent individual tree measurements and a comparison to field-measured tree crowns acquired on one plot are shown in Figure 3 .
After the location of individual tree crowns is estimated via a segmentation algorithm, individual tree measurements can be extracted from the data. Crown area can be estimated by the size of the crown segment. Individual tree height can be estimated by the height of the highest LIDAR return within the crown segment. Individual tree stem position can be estimated by the x, y coordinate of the highest LIDAR return. A comparison of field and LIDAR tree heights for a selection of 30 well-defined crowns (easily recognized as the same tree in the LIDAR and field data) indicated that LIDAR significantly underestimates the field-measured tree height ( Figure  4 ), a result that has been documented in previous studies (e.g., Andersen et al. 2006b ). This error in tree height measurement is likely due to the laser scan pattern simply missing the top of the tree, error in the underlying terrain model, or insufficient energy in returns from the top of tree crowns. In this study, we applied a correction based on the regression model developed from the 30 welldefined trees to reduce the bias in the LIDAR height measurements (Field-measured height = 0.33508 + 1.032 [LIDAR-derived height]).
When the LIDAR data are acquired in leaf-off conditions, the LIDAR intensity information can be used to differentiate between deciduous and conifer trees (Reutebuch et al. 2005) . The near-infrared reflectance from branches and stems is much lower than that from live foliage; therefore, the intensity of the LIDAR reflections from leaf-off deciduous tree crowns is significantly lower than that from leaf-on conifer crowns. In this study, LIDAR data were acquired in early and late May, leading to differences in LIDAR intensity information between acquisitions, depending on the phenology of the various deciduous species (birch tends to leaf out earlier than other deciduous species). In Figure 5 , it is evident that there is a much more pronounced difference between the median LIDAR intensity of deciduous and conifer trees for the plots flown in early May compared with those flown in late May. A threshold value of 11.3 was found to minimize the percentage of misclassified tree crowns (16.5%) on all 32 Kenai plots ( Figure 6 ). Therefore, a LIDAR-based estimate of species class (conifer/deciduous) could be generated for each crown segment. It should be noted that a similar value for the threshold was found for all plots (early and late May LIDAR acquisitions). The output of the crown recognition algorithm was a list with information on x,y; height; crown area; and species class for each segment. The results of the algorithm for a selected plot and a comparison to field measured trees are shown in the inset of Figure 3 . Forest attributes were calculated within grid cells of a given size (10 >< 10 m) over each (300 >< 300 m) LIDAR coverage area, an approach termed a "quadrat count" survey (Cressie 1993). An advantage of this approach is that local detail at the scale of the grid cell size used is maintained. In this study, a 10 >< 1 0-m grid cell was used to maintain a high spatial resolution while also providing areal estimates at approximately the same scale as the field subplots (167 m2).
Forest LCT Mapping
To determine LC'F using the quadrat grid method, the proportion of conifer and deciduous trees in each grid cell was calculated based on the LIDAR-derived classification (based on median return intensity), and this proportion of conifer was used to classify into several pure and mixed species categories. If the proportion of conifer trees within a particular grid cell exceeded 0.75, this grid cell was classified as "pure conifer." Other classes were based on the following thresholds for the proportion of conifer occurrence: 0.50 < P (conifer) < 0.75, "predominantly conifer"; 0.25 < P (conifer) < 0.50, "predominantly deciduous"; P (conifer) <0.25, "pure deciduous." An example of the LCT map generated using this method for a selected plot is shown in Figure 7 .
Canopy Closure Mapping
A grid-based estimate of canopy cover was calculated as the ratio of the number of LIDAR first returns above a certain canopy threshold (2 m in this study) to the total number of LIDAR first returns within a given area. This LIDAR-based estimate of canopy cover has been used in several previous studies (e.g., Andersen et at. 2005) and is analogous to the field-based estimate of canopy cover, which is defined as the "percent of ground area overtopped by tree crowns" (US Forest Service 2003) . This canopy cover percentage is then coded into a canopy closure class of 0-9 as described in the aforementioned field procedure. A map of estimated canopy closure generated using the quadrat count method at a selected plot is shown in Figure 8 
FSS Mapping
Diameter Estimation via Regression
Because the FSS is defined in terms of diameter class, a regression model was developed to estilnaLe stem diameter from variables that are measurable from IIDAR data (height and crown area). A separate model was developed for deciduous and conifer species classes. Scatterplots of observed versus predicted dhh for both species classes are shown in Figure 9 . Although the variance of the residuals appears to vary somewhat over the range of data, a score test for nonconstant error variance (Cook and Weisberg 1983) was not significant for either regression model (I' = 0.65 and 0.49 for conifer and deciduous types, respectively). These models were then used to predict dbh for every crown segment in the LIDAR areas. The crowns were classified into the various FSS classes based on species-specific estimated dbh (seedling/sapling, pole timber, and sawtimber). In the quadrat grid count method, the FSS is based on a quadratic mean of the estimated dbh for segments within each grid cell, which will weight the larger trees within the cell and will approximate the stand size class calculated from the percent stocking. The LCT classification (described previously) was used to determine the appropriate thresholds for pole versus sawtimber stands. Figure 10 shows a result of these ESS classifications for a plol.
Results
A comparison of the field-based estimate versus LIDAR-based estimate of condition class at the subplot center can provide a useful illustration of some important differences between the type of information provided by LIDAR versus field observations. Several classification matrices were generated to show the differences between field-and LIDAR-based condition classifications at the subplot centers. In these matrices, counts in the diagonal cells indicate where the field-and LIDAR-based classifications were the same (shaded cells in tables). Off-diagonal counts indicate differences in classification. Because there are important differences between the methods used to classify the LIDAR-and field-derived data, these matrices do not reflect erroneous classifications for any particular method, but rather serve to provide a quantitative measure ofagrec menu between the various classification methods. Table 4 indicates that there is reasonable agreement between the fieldand 1.I1)AR-bascd classifications of LCT. However, there are a significant number of subplots classified as deciduous using field data and coniferous using the LIDAR data. Plots with LIDAR flown in late May (after some deciduous trees have leafed out) contribute disproportionately to this misclassification, as is evident from a comparison of the classification matrices in Table 4 (all subplots) , where agreement between LIDAR-and field-based land cover classifications is significantly higher for subplots with LIDAR flown in early May. In general, there are relatively few field subplots classified as predominantly conifer or predominantly deciduous (4 + 1 = 5 total), whereas in the LIDAR classification there are numerous mixed species classifications (14 + 7 = 21 total). The LIDAR-derived classification of forest canopy closure based on the ratio of LIDAR first returns from canopy to the total number of first returns provides a relatively close match to the field-based estimates, where estimates generally differ from the field-based estimates by less than two density classes (Table 6) . A comparison of LIDAR-and field-based estimates of FSS are shown in Table 7 . In general, LIDAR estimates are higher than field estimates in the seedling/sapling size class and lower than field estimates in the sawtimber size class.
Discussion
Because the field estimates for two condition classes considered here are either obtained from ocular estimates in the field (canopy closure) or based on a calculation based on stocking (LCT and FSS), while the LIDAR estimates are based on the height, area, and reflectance of the LIDAR segments in a particular area, it is expected that the classification procedures would lead to different results in many cases. In general, it appears that leaf-off LIDAR adequately discriminates between deciduous and conifer forest (land cover) types (Table 5), while there is significant misclassification between species 0  7  PoD  5  3  0  11  0  19  NF  11  0  1  14  3  38  Total  65  4  1  48  5  123 LIDAR-based classifications are based on proportions of segment species types (conifer/deciduous) within the grid cell area. l'u,: pure conifer; PrC, predominantly conifer; PrD, predominantly deciduous; PuD, pure deciduous; NP, nonforest. LIDAR-derived classifications are based on ratio of IIDAR first returns from eattirpv to be total number of first returns within a 10 X 10-m grid cell.
types using a combination of leaf-off (early May) and partially leaf-on data (late May; Table 4 ). Although an LCT classification based on the plurality of the classified LIDAR crown segments in a particular area can be expected to correspond to a classification that is weighted by stocking, because LIDAR measurement inherently weights the larger tree crowns, these classifications may differ in cases where there are significant numbers of understory crowns measured in the field that influence the stocking percentages within a particular stand but are undersampled by the LIDAR segmentation.
Given that LIDAR provides a direct measurement of projected canopy cover, discrepancies between the field-and LIDAR-based estimates of forest canopy closure are likely due to the fact that field-based classifications are estimated for a much larger surround- Seed/sapling Poletimber Sawtmmher NF Total   Lidar-based Seed/sapling  24  2  1  5  19  FSS class Polerimber  17  9  7  11  38  Sawrimber  0  1  14  3  18  NE  11  2  6  10  48  Total  52  14  28  29 123 LIDAR-based classifications are based on weighted mean of estimated diameters for crown segments wirhitt 0 X 10-rn grid cells. NP, Nonforesi.
ing area (defined as least I ac in size) than the 100-rn 2 grid cells classified in the LIDAR data. Therefore, the field-based measure will tend to homogenize the canopy closure estimate, while the LIDAR estimate will capture differences at the scale of individual subplots. The fact that the field-based measure of crown closure is an ocular estimate and not an actual measurement, introduces additional variability. An analysis of remeasured plots in the Alaska inventory indicated that ocular estimates of canopy closure at HA subplots were within 1 class 88% of the time.
Although there are evident differences between the FSS classifications obtained from the LIDAR and the field data, the LIDAR data generally appear to adequately break out the size classes. It should be noted that most of the disagreement is between adjacent classes (seedling/sapling versus poletimber and poletimber versus sawtimber). The most evident discrepancy in stand size classification is the large number of subplots classified as poletimber in LIDAR and seedling/sapling using field data. Differences between seedling/sapling and poletimber classification are most likely attributable to omission errors and bias in the estimation and modeling of the height of small trees. In some cases, LIDAR will significantly undersample seedlings and saplings on the subplot, which would lead to a LIDAR estimate that is weighted toward larger trees (i.e., poletimber). In addition, because stem-mapped field data were only available for trees above 12.5 cm in diameter, the correction for bias in LIDAR height measurements of seedlings and saplings (dbh < 12.5 cm) was necessarily based on extrapolation below the range of data used in developing the regression model (note that this was not the case in modeling dbh from height, where the full range of diameter classes were available).
Conclusions
In this article, I present an approach to estimating forest condition class using LIDAR data. The results of this study indicate that LIDAR has potential as a sampling tool in an operational forest inventory program. Although U DAR-based measurements of forest structure are different from the comprehensive suite of measurements obtained on the ground at the plots, the type of information provided by LIDAR, including direct measurements of canopy cover, overstory tree heights, and species class (based on return intensity) can be very useful in the determination of forest condition class. A LIDAR-based forest condition classification can then be used to increase the precision of inventory estimates in a stratified sampling design. It should he noted that the methods presented for classification of LCT assume availability of leaf-off LIDAR data, which will impose a significant constraint on LIDAR acquisition planning. Future research will explore the use of crown shape metrics in species classification, which could improve LCT classification
